Background: We initiated a prospective trial to identify transcriptional alterations associated with acquired chemotherapy resistance from pre-and post-biopsy samples from the same patient and uncover potential molecular pathways involved in treatment failure to help guide therapeutic alternatives.
Introduction
Understanding how tumors evolve on a molecular level to overcome the cytotoxic effects of chemotherapy is a critical step in developing therapeutic approaches that will prevent or overcome chemoresistance. However, due to the difficulties in obtaining serial tumor biopsies from patients at various stages of therapy, the identification of molecular alterations that occur as tumors become resistant to therapy has been a vexing problem. The serial collection of solid tumor samples from the same patients has been extremely difficult in the clinical setting, but gastric cancer provides a unique opportunity for this purpose, since it is often initially responsive to chemotherapy and repeated endoscopies may be performed to monitor tumor response to chemotherapy.
In this study, endoscopic biopsy samples were collected from gastric cancer patients. We identified a gene expression signature for acquired chemoresistance to cisplatin and fluorouracil (CF) combination chemotherapy, by comparing samples collected prior to CF therapy with samples taken from the same patients at the time resistance to CF developed based upon objective clinical progression. Using this approach, we could identify molecular candidates that may possibly lead to development of new targeted therapies for gastric cancer. Importantly, we also found that an acquired chemoresistance signature could identify whether newly diagnosed gastric cancer patients would have a short or more sustained response CF therapy. Since the acquired resistance signature is already highly represented in non-responders and that it seems unlikely that the numerous expression changes occurring on a global level would evolve in a relatively short period of time, our results appear to support the conventional, clonal selection model for tumor progression and acquired chemoresistance [1] . Identifying biomarkers that distinguish cancer patients who will or will not benefit from cytotoxic chemotherapy will greatly improve clinical management. Although studies using high-throughput transcription profiling of pretreatment biopsy samples have attempted to identify such predictors, the performance of these predictors has been mixed [2] . In part, this may be due to the difficulty of identifying robust gene signatures in tumors from populations with large genetic variation. Our data suggests that expression-profiling of posttreatment samples could be a possible alternative approach.
Some studies have suggested that tumors which develop chemoresistance may acquire certain properties inherent to stem cells, and that chemotherapy treatment leads to a concomitant enrichment of cancer stem cells in vitro [3] . We further demonstrate that the acquired resistance signature is enriched for genes previously identified in embryonic stem (ES) cell expression signatures, further suggesting that for gastric cancer, chemoresistance arises from selection of pre-existing cells with particular stem cell characteristics.
Materials and Methods

Patient accrual and follow-up
This is the part of a prospective trial approved by the Institutional Review Board (IRB) of the National Cancer Center Hospital in Goyang, Korea (NCCNHS01-003). All participants signed an IRB-approved informed consent form. Eligibility for enrollment into the study included the following parameters: 1) age $18 years; 2) histologically-confirmed gastric adenocarcinoma; 3) clinically-documented distant metastasis; 4) no previous or concomitant malignancies other than the gastric cancer; 5) no prior history of chemotherapy, either adjuvant or palliative; and 6) adequate function of all major organs. Patients who were lost to follow-up before completing 6 cycles of chemotherapy, except for documented progressive disease, were excluded from the analyses.
Our prospective trial had 2 objectives. The first objective, which is the focus of another paper [4] , was to develop a genomic predictor for initial chemotherapy response by correlating the expression profiling data of pretreatment samples with clinical outcome (intrinsic resistance study). Sample size of the trial was planned based on this first objective. For the training set, 91 events were estimated to be required at a = 0.001, b = 0.05, t (standard deviation of log intensity) = 0.75, and d (hazard ratio associated with one-unit change of log intensity) = 2. Hence, 96 pretreatment samples were collected from August 2001 to January 2005 as the training set (for the intrinsic resistance study). A second group of 27 eligible patients was enrolled as the array validation cohort between February 2005 and April 2006, which includes 22 patients treated with CF, and 5 patients treated with cisplatin plus oral capecitabine (a fluorouracil pro-drug considered equivalent to fluorouracil; CX). CX therapy was demonstrated to be therapeutically equivalent to the CF regimen for metastatic gastric cancer [5] .
The second objective of our prospective trial, which is pursued by analyses presented in this paper, was to identify a gene expression signature for the acquired chemoresistance by comparing pre-and post-treatment samples of the clinical responders (acquired resistance study). After an initial endoscopic biopsy, all study patients were prospectively treated and followed-up. Patients were treated with cisplatin (60 mg/m 2 , D1) in combination with either fluorouracil (1 g/m 2 for 5 days; n = 118) or capecitabine (Xeloda; Roche; 1,250 mg/m 2 BID for 2 weeks; n = 5) 5 every 3 weeks. Chemotherapy doses were reduced depending upon toxicities and the patient's performance status. Specific dose modification schemes for the subsequent treatment cycle were at the discretion of the attending oncologist. The treatment schedule for fluorouracil could be shortened at the discretion of the oncologist from 5 to 3 days for elderly patients ($70 years) or patients with a poor performance status (Eastern Cooperative Oncology Group (ECOG) performance status $2). Abdominal spiral computed tomography (CT) scans were performed for all patients every 3 cycles of chemotherapy (i.e., 9 weeks). Objective response was documented for patients with measurable disease according to World Health Organization (WHO) criteria [6] . A partial response (PR) was defined as more than a 50% decrease in the sum of the products of the 2 largest perpendicular diameters of measurable lesions for at least 4 weeks, but a confirmation CT was not routinely performed 4 weeks after the initial documentation of PR.
There were 38 patients with PR among 96 training set (of the intrinsic resistance study). Patients with PR underwent a follow-up biopsy at the time disease progression was observed (i.e., progressive disease according to the WHO criteria), referred to as the ''chemoresistant state''. Adequate biopsy samples from tumors in a chemoresistant state were available from 22 patients with PR (57.9%). Chemoresistance state biopsy samples of the other 16 patients (42.1%) could not be profiled due to either inadequate RNA quantity/quality or patients' refusal. There was no difference in age, sex, histological type, time to progression (TTP), and overall survival between 22 re-biopsied patients and the other 16 patients who had PR but were not re-biopsied. Samples were collected at least 2 weeks after the last dose of the fluorouracil and before second-line chemotherapy was started, in order to minimize any acute drug effects on expression profile.
Two pieces of grossly-normal gastric mucosa tissue samples were also collected from antrum of 21 healthy volunteers (Table  S1 ).
Identification of an acquired resistance signature to CF
Endoscopic biopsies were performed to obtain the fresh tissue. Five to ten pieces of fresh tumor tissues were obtained from nonnecrotic portion of tumor using large cup biopsy forceps of 7.3 mm diameter (Olympus FB-24K-1, Olympus, Tokyo, Japan). Then obtained fresh tissues were frozen in liquid nitrogen within 15 min of the first biopsy harvest. Tissue samples containing at least 50% tumor cells were processed for RNA as previously described [7] . One microgram of total RNA was amplified and hybridized to an HG-U133A cartridge array, according to the manufacturer's protocol (Affymetrix, Santa Clara, CA). All expression microarray data is available at the Gene Expression Omnibus (GEO) Database (accession number GSE14210, http:// www.ncbi.nlm.nih.gov/geo) [CURRENTLY, REVIEWER AC-CESS ONLY: http://www.ncbi.nlm.nih.gov/geo/query/acc. cgi?token = rtgnlocqoqeiwtw&acc = GSE14210]. Gene expression microarray data were normalized by Robust Multichip Average (RMA) using R2.6. Pre-and post-CF expression data from 22 rebiopsied responders were normalized independently from the expression data from a separate group of 101 non-rebiopsied patients. Microarray data were analyzed using BRB ArrayTools (version 3.6, National Cancer Institute, http://linus.nci.nih.gov/ BRB-ArrayTools.html) [8] .
Gene expression changes that distinguished the initial transcriptional status of tumors from gene expression patterns when tumors became chemoresistant were determined for the 22 patients with documented initial response (PR) to CF therapy. Matched microarray data was compared between the samples obtained prior to CF treatment and samples collected after resistance to therapy developed. These data were analyzed using the class comparison algorithm of BRB-ArrayTools (random variance model), which computes a paired t-test for each gene using the RMA-summarized log-intensities for Affymetrix U133A arrays. Genes differentially expressed between these 22 paired samples defined the acquired resistance signature. At feature selection P-value cutoffs of 0.05 and 0.01, a permutation P value was calculated, which is the proportion of random permutations that identify a similar number of significant genes that are found when comparing the true class labels.
Time to progression was plotted using the Kaplan-Meier method. A log-rank test was used to determine differences between survival curves. Wald's test was used to assess the statistical significance of the Cox hazard ratio. Multivariable regression analyses were performed using a Cox proportional hazard model. All these analyses were performed using SPSS (version 15.0; SPSS, Inc., Chicago, IL). Multivariable ordinal logistic regression analysis was performed using to SAS (version 9.1.3, SAS, Cary, NC), to evaluate the association between the 72-gene predictive index and radiographic response.
Transcription factor analysis
Transcription factor analyses were performed to look for the enrichment of transcription factor targets in the genes comprising the acquired resistance signature (BRB-ArrayTools). All genes queried in this analysis algorithm have been catalogued to transcription factor responsive categories based upon experimentally-verified transcription factor responsiveness. Transcription factor-binding curation information in the Transcriptional Regulatory Element Database (TRED) [9] was used to eliminate targets without any experimental verification.
Analysis of public DNA microarray data from surgically treated gastric cancer patients Publicly accessible microarray data for surgically-treated gastric patients generated by the Stanford Functional Genomics Facility were also obtained from the NCBI GEO database (GSE4007) and included about 30,300 genes common to these datasets. The microarray data were generated and normalized as described in Leung et al [10] . Batch effects in gene expression were removed with probe-wise mean centering and missing data were imputed with the nearest neighbor averaging method [11] . The array cDNA clones were annotated using SOURCE (Stanford Microarray Database) and the Entrez GeneID was used as the mapping identifier for the Affymetrix HG-U133A array.
Gene set comparison analyses
The gene set comparison tool analyzes user-defined gene sets for differential expression among pre-defined classes of a source dataset. For each source dataset, a P-value is computed for each gene to correlate the expression level vs. survival time using a proportional hazards model (or for the differential expression between pre-defined classes, depending on the nature of the phenotype), generating a ranked gene list of a given BRBArrayTools project. For a set of N genes, the LS statistic is defined as the mean negative natural logarithm of the P-values of the appropriate single gene univariate tests [12] . A summary statistic is computed that summarizes these P values over the user-defined gene set; the summary statistic is average log(P) for the LS summary of how the P values differ from a uniform distribution for LS [12] . The summary statistic is related to the distribution of the summary statistics for random samples of N genes, sampled from those represented on the array. Here N is the number of genes in the user-defined gene set. 100,000 random gene sets were sampled to compute this distribution. The LS P value is the proportion of random sets of N genes with smaller average summary statistics than the LS summaries computed for the real data. This approach is used for a variety of types of correlations between gene expression levels and phenotype. The nature of the phenotype (for instance, survival time or binary indicators) determines the manner in which the gene specific P values are computed. An LS P value less than 0.005 is considered significant.
Identification of a gastric cancer-specific signature and a gastric cancer differentiation signature Total RNA was isolated from frozen endoscopic biopsy samples of the antral mucosa collected from 21 healthy volunteers and analyzed by microarray as previously described. In order to identify the gastric cancer-specific signature, we compared the expression data from the 21 normal samples with 101 samples from patients prior to chemotherapy samples (excluding 22 rebiopsied patients used to develop the acquired resistance signature) using class comparison algorithms of BRB-ArrayTools.
Of the 101 patients, 41 patients had Lauren's intestinal histological type of primary tumors and 60 had the diffuse type. Mixed-type tumors were categorized together with the diffuse type. A differentiation signature was identified by comparing the gene expression data from the 41 intestinal type samples with 60 diffuse type samples using class comparison algorithms of BRB-ArrayTools.
Generation of ES cell signatures from published data
To generate a user-defined gene set for our gene comparison analyses, we adopted several gene lists from the published work of Ben-Porath et al [13] , in which several gene sets associated with ES cell identity were compiled for gene set comparison analyses. An ''ES expression set'' was previously defined by Ben-Porath et al [13] as genes over-expressed in human ES cells in at least 5 out of 20 profiling studies [14] . This ES expression set was then amended [13] so that genes in the ''proliferation'' Gene Ontology and the proliferation cluster of breast cancer [13, 15] were excluded and referred to as the ES set without proliferation genes. Lists of target genes for MYC [16] , SOX2 [17] , OCT4 [17] , NANOG [17] , SUZ12 [18] , EED [18] , and H3K27 [18] , which are key transcription factors in stem cells, were also adopted from Ben-Porath [13] . These genes were originally identified by chromatin immunoprecipitation array studies [16] [17] [18] . For our gene set comparison analyses, Entrez IDs [13] of target genes were mapped to probe set IDs on the HG-U133A array (www.NetAffx.com).
Identification of a 72-gene predictive index
Among the 468 genes upregulated at the chemoresistant state (P,0.01), 72 unique genes were members of at least one of 4 published ES cell-related gene sets (''ES set without proliferation genes'' [13, 15] , the experimentally-validated MYC transcription factor target gene set (TRED MYC_T00140) [9] , and target genes of MYC and SOX2 identified by a chromatin immunoprecipitation array study [16, 17] ). A genomic predictor (referred to as the ''72-gene predictive index'') was constructed by calculating the weighted linear combination of log signal values of these 72 unique genes overlapping between the acquired resistance signature and ''ES cellrelated gene sets''. The univariate t-statistics for comparing the classes (acquired chemoresistant vs. pretreatment states) were used as the weights. BRB-ArrayTools (the class prediction) was used to calculate the t-value of each gene. The predictive power of the 72-gene predictive index was tested for time to progression and survival using the Cox proportional hazards model.
Results
Identification of an acquired resistance signature to CF
Twenty-two patients who demonstrated a clinical response (PR) to CF therapy were biopsied prior to the initiation of therapy and subsequently following progression of disease after chemotherapy. Pre-and post-CF samples were not significantly different in the tumor cell percentage and measures of microarray data quality control (Table 1 and Table S2 ). Median interval between the 2 biopsies was 8.7 months (interquartile range, 6.4-12.6). Since the permutation P values were consistently less than 0.05 at P cutoffs for feature selection of 0.01 and 0.05 (permutation P values, 0.012 and 0.006, respectively), this demonstrates that gene expression is significantly different between the chemoresistant and pretreatment states. Genes differentially expressed between the pretreatment state of 22 tumors that proved initially responsive to CF chemotherapy and tumors from the same patients after having evolved into an acquired chemoresistant state were identified as the ''acquired resistance signatures''. 2,446 genes were identified in the acquired resistance signature with a feature selection of P,0.05, whereas 633 genes were identified using a feature selection of P,0.01. The most highly represented functional category in the acquired resistance signature was Protein Synthesis (Table S3 ; Ingenuity Pathway Analysis [www.ingenuity.com]), which includes AKT1, ribosomal subunit mRNAs (RPS6, RPL13, RPL14, RPL15, RPL18, RPL29, RPL3, RPL30, RPL4, RPS11, RPS19, RPS9), and eukaryotic translation initiation factors (EIF4B EIF3D, EIF3E, EIF3F, EIF3H). Akt/mTOR and Ras-MAPK signaling modules are two most-studied pathways that exhibit a paramount effect on translational regulation [19] . Given the concurrent upregulation of these key components of this pathway (AKT1 (P = 0.0012), EIF4B (P = 0.0089), and RPS6 (P = 0.0009)), the PI3K/Akt/mTOR signal transduction pathway is presumed to be activated in the acquired resistance state ( Figure S1 ). AKT1 has been linked to in vitro cisplatin resistance [20] [21] [22] . mTOR inhibition has also been known to reverse in vitro acquired resistance to endocrine therapy and EGFR inhibitors of breast and lung cancers, respectively [23, 24] . Since ERBB2 is also upregulated in the acquired resistance signature (P = 0.0065), ERBB2 may play a role in the upregulation of Protein Synthesis-related genes, through activation of the mTOR pathway [25] .
Transcription factor gene set comparison analysis indicated that the acquired resistance signature is enriched with targets of multiple transcription factors, including a MYC target gene set (TRED MYC_T00140) [9] (Table S4 ). This is consistent with a microarray data in the literature that the majority of genes responsive to Myc overexpression are involved in macromolecular synthesis, protein turnover, and metabolism, including 30 ribosomal protein genes [26] .
The acquired resistance signature segregates patients according to the time to disease progression following CF therapy, but is not prognostic in gastric cancer patients treated only by surgery
We wished to determine whether expression of the acquired resistance signature in gastric cancer tumors at initial diagnosis was predictive of response to CF therapy. Expression of the acquired resistance signature in a separate group of 101 nonrebiopsied gastric cancer patients was determined and related to the clinical outcome of the patients according to which major hierarchical cluster the patients were grouped. In patients without lesions initially measurable by diagnostic imaging, time to progression (TTP) was measured from the initiation of CF therapy to the time when a change in therapy was required due to unequivocal disease progression. Hierarchical clustering of the 101 pretreatment samples was performed using the 2,446-gene acquired resistance signature. Outcome as measured by TTP was significantly different between patients in each of the two primary clusters. Patients in the cluster with increased expression of the genes upregulated in the chemoresistant state had a significantly shorter TTP than patients with lower expression of these genes (Log-rank P value = 0.033) ( Figure 1A) . In order to further evaluate the association of these 2,446 genes with TTP of 101 patients, we also performed a survival risk prediction analysis of BRB-ArrayTools, in which the entire 10-fold cross-validation process was repeated using 2,446 genes and a log-rank statistic for TTP between 2 predicted risk groups was obtained for each random dataset with TTP data shuffled among 101 patients [8, 27] . The permutation P value for testing the null hypothesis that there is no relation between 2,446 genes and TTP, which is the tail area of this null distribution beyond the log-rank value obtained for the real data, was estimated 0.06, suggesting a borderline significance of the association. Patients in the cluster with increased expression of 468 genes upregulated in the chemoresistant state at P,0.01 also had a significantly shorter TTP than patients with lower expression of these genes (Log-rank P value = 0.012) ( Figure 1B ). These results suggest that the acquired resistance signature reflects real molecular profile of chemoresistant clones, not nonspecific drug effects. We also wished to further address whether these acquired resistance signatures were predictive of CF response or represented a general prognostic signature that could predict survival of 88 gastric cancer patients who were treated by surgery alone and not by chemotherapy 10 . Neither of the two acquired resistance signatures (2,446 or 633 genes) was predictive of survival in the surgically treated gastric cancer patients using the same hierarchical clustering method as above (Log-rank P values, 0.84 and 0.41, respectively). Thus, the acquired resistance signature is predictive of patient response to CF and not just prognostic for gastric cancer patients in general. Figure 1 . Hieraching clustering analyses of pretreatment samples using acquired resistance signatures. Hierarchical clustering dendrograms of pretreatment samples from a separate set of 101 gastric cancer patients, using genes differentially expressed between the pretreatment-and chemoresistant-states of 22 rebiopsied responders at various P cutoffs for feature selection. Kaplan-Meier plots for the time to progression (TTP) calculated for each of the two major clusters generated by each dendrogram are shown below. (A) Hierarchical clustering of 101 pretreatment samples using the 2,446-gene acquired resistance signature (P for feature selection,0.05). Heatmap generated using a log 2 -pseudocolor image with gene centering. Kaplan-Meier plots for TTP calculated for each of the two major clusters generated are shown below. Patients in high risk cluster (n = 60, high expression of the genes upregulated at chemoresistant state (upper) had a significantly shorter TTP than patients in low risk cluster (n = 41, low expression) (3.0 vs. 5.0 months; P = 0.033). (B) Hierarchical clustering of the same 101 gastric cancer samples using the 633-gene acquired resistance signature (P for feature selection,0.01). Patients in high risk cluster (n = 38, high expression of genes upregulated at chemoresistant state (upper) had a significantly shorter TTP than patients in low risk cluster (n = 63, low expression) (2.5 vs. 4.7 months; P = 0.012). doi:10.1371/journal.pone.0016694.g001 Table 2 . Genes Which Belong to the Acquired Resistance Signature (selected at P,0.05) and Were Correlated with TTP of 101 Non-rebiopsied Patients at P,0.05. The acquired resistance signature shares many features with the intrinsic resistance signature, but not with a gastric cancer-specific signature or a gastric cancer differentiation signature These acquired resistance signatures were then compared with the intrinsic drug resistance signature of a separate group of 101 non-rebiopsied patients, using gene set comparison analysis of BRBArrayTools [12] . Briefly, this algorithm computed a P-value for each of 2,446 genes to correlate the expression level vs. TTP of these 101 patients using a proportional hazards model. Then it computed mean negative natural logarithm of the P-values of the single gene univariate tests (LS statistic of this set of 2,446 genes) and the proportion of random sets of 2,446 genes with smaller average summary statistics than the LS summaries computed for the real data (LS P value). The same analysis was repeated for 633 genes selected at P,0.01. Consistent with results of the hierarchical clustering analyses, the acquired resistance signatures were found to be highly enriched in the ''intrinsic resistance signature'' of a separate group of 101 CF-treated patients. LS re-sampling P values were ,10 25 for both user-defined gene sets selected with different cutoffs to define the acquired resistance signature (i.e., for 2,446 and 633 genes). Genes overlapping between acquired and intrinsic resistance signatures are listed in Table 2 . Figure 2Cb graphically displays that 468 genes upregulated at the chemoresistant state of 22 rebiopsied patients (P,0.01) show the concordant overexpression in non-rebiopsied patients with shorter TTP, while 165 genes downregulated at the chemoresistant state show the concordant overexpression in patients with longer TTP.
Using similar gene set comparison analyses, acquired resistance signatures were then compared with ''gastric cancer-specific signature'' and ''gastric cancer differentiation signature'' of these 101 patients. To compare the acquired resistance signature with ''gastric cancer-specific signature'', the LS statistic of 2,446 genes in the acquired resistance signature was estimated by computing a mean negative natural logarithm of the Pvalues of the single gene univariate tests for differential expression of each of 2,446 genes between 101 gastric cancer patients and 21 healthy volunteers. No significant overlap in gene expression was observed comparing the acquired resistance signature to a ''gastric cancer-specific signature'' (LS P value = 0.96; Table S5 ). Similarly, there was no significant overlap between the 2,446-gene acquired resistance signature and a''gastric cancer differentiation signature'' that we identified through the comparison of gene expression between Lauren's intestinal-(n = 41) vs. diffuse-type (n = 60) tumors, either (LS P value = 0.024; Table S5 ). These results further suggest that the acquired resistance signature represents a set of genes dysregulated in association with chemoresistance, and not cancer in general.
The acquired resistance signature shares features with stem cell signatures Given that complex regulatory networks in stem cells can be best detected by expression analysis of many genes, we performed several gene set comparison analyses comparing our acquired resistance signatures with published ES cell signatures as reported by Ben-Porath et al 13 (Table S6) . We hypothesized that comparing the acquired resistance signature with ES cell signatures would be informative, since it has been suggested that cancer progenitor cells possess stem cell-like traits [28] .
Our acquired resistance signature, unlike the gastric cancer-specific signature or the gastric cancer differentiation signature, was found to be highly enriched for genes contained in the ES expression set (defined as genes over-expressed in at least 5/20 human ES cells profiling studies [14] ) (LS P value = 3.0610
23
; Tables S5 and S6 ). Since ES cells are highly proliferative in vitro while stem cells are generally quiescent in vivo, the ''ES expression set'' was modified 13 to exclude genes listed in the ''proliferation'' category of Gene Ontology and the proliferation cluster of breast cancer 15 . This amended ES expression set (designated the ES set without proliferation genes) could also segregate the 101 pretreatment tumor samples according to time to progression. Patients in the high risk cluster (n = 44, high expression of ''ES set without proliferation genes'') had a significantly shorter TTP than patients in the low risk cluster (n = 57, low expression) (2.7 vs. 4.7 months; Log-rank P value = 0.014) (Figure 2A) . Notably, the overlap between ''ES set without proliferation genes'' and our acquired resistance signature was still statistically ). Among individual stem cell transcription factor target gene sets, target genes of MYC [16] and SOX2 [17] , which are known to be overexpressed in ES cells [13] , were enriched in the acquired resistance signature (LS P values, 1.0610 25 and 4.3610
24
, respectively), while target genes of NANOG or OCT4 were not (Table S6 ). Figure 2Ca depicts the graphic representation of the coordinated over-or under-expression of genes upregulated in the chemoresistant state in published microarray data [14] for ES-and differentiated-cells, respectively.
We, therefore, wished to test a hypothesis that ES cell signatures might actually represent a core set of genes associated with in the acquired resistance. We focused on gene sets representing ES cell signatures that significantly overlap with the acquired resistance signature -i.e., ''ES set without proliferation genes'' and target genes of MYC and SOX2 -(designated ES cell-related gene sets). Since these gene sets are known to be overexpressed in ES cells 13 , we extracted 72 unique genes, which belong to these ''ES cell-related gene sets'' and were upregulated in the chemoresistant state at P,0.01 (designated the 72-gene acquired resistance signature; Table 3 ), from 633 genes in the acquired resistance (P,0.01). Using this ''72-gene acquired resistance signature'', hierarchical clustering was performed using a separate set of 101 pretreatment gastric cancer samples from patients who were subsequently treated with CF and were not re-biopsied. This generated two main clusters ( Figure 3A) where patients in the high expression cluster exhibited more rapid disease progression and poorer survival than patients in the cluster with lower expression (Log-rank P values, 0.025 and 0.028) ( Figures 3B and 3C) . The multivariable regression analyses demonstrated that the 72-gene predictive index, as a continuous variable, is an independent predictor for time to progression, overall survival, and radiographic response, after adjusted for age, sex, and performance status (Table 4 ). Prominent among these 72 genes are anti-apoptotic genes (TRAP1 [29] , CLD3 [30] ) and DNA repair (RAD23A [31] , DDB1 [32] ) and detoxifying enzymes (GSTP1 [33, 34] ), which are associated with chemotherapy resistance in vitro. Notably, 50 out of these 72 genes are MYC target genes [26] . MYC is sufficient to reactivate an ES cell-like gene expression program in normal human cells and human cancer cells [35] . MYC overexpression has been shown to lead to cisplatin resistance in several in vitro models [36] [37] [38] [39] .
Discussion
A major finding of this study is the identification of a gene signature that emerged in association with tumor resistance to CF therapy in patients who initially benefited from CF therapy. Prior genomic predictors for the chemotherapy response, which were developed using pretreatment tissue samples, have demonstrated a mixed performance [1, 2] . Here we demonstrate that the posttreatment samples collected at the time of acquired resistance, although difficult to obtain clinically, contain unique genomic information that can be used to predict the initial response to cytotoxic chemotherapy. No prior studies have explored acquired resistance using genome-wide analysis of clinical samples, although 2 prior studies evaluated the gene expression pattern in residual disease after the completion of neoadjuvant chemotherapy [40, 41] . Lee, et al. demonstrated that postchemotherapy tumor gene signatures outperforms baseline signatures and clinical predictors in predicting for pathological response and progression-free survival [42] , although these investigators collected posttreatment breast tumors 3 weeks after chemotherapy, not at the time of progressive disease as in our study. Our data is consistent with the aforementioned study [42] that comparing postchemotherapy and prechemotherapy gene expression signatures might be a feasible approach to the identification of predictive signatures. Also, our data provides the first genomic evidence in clinical samples supporting a conventional model for the emergence of acquired resistance whereby resistance emerges through a selective, clonal outgrowth of small populations of pre-existing, chemoresistant tumor cells [3] .
While the ''72-gene acquired resistance signature'' was developed mainly for potential clinical utility, it contains several overexpressed genes that have been shown to lead to chemoresistance. TRAP1 overexpression leads to 5-fluorouracil-, oxaliplatin-and irinotecanresistant phenotypes in different neoplastic cells [29] . Silencing of hHR23A, a nucleotide excision repair (NER) enzyme, decreases the nuclear DRP1 level and cisplatin resistance in lung adenocarcinoma Result of the ordinal logistic regression analysis performed only in 88 patients with measurable disease, using 3 categories of the dependent variable (PR, SD, and PD). 3 Hazard ratio. 4 Confidence interval. 5 Odds ratio. 6 Weighted linear combination of log signal values of 72-gene acquired resistance signature. The univariate t-statistics for comparing the acquired chemoresistant state with the pretreatment state were used as the weights. 7 Hazard ratio for each unit increase in 72-gene predictive index, which ranges from 1,783 to 2, 075 (i.e., the highest predictive index (2,075) and median predictive index (1, 945) are associated with hazard ratios of 4. ), respectively, compared with a hazard ratio of 1.0 with the lowest predictive index (1,783) of all 101 samples). 8 Eastern Cooperative Oncology Group Performance Status. 9 as compared with ECOG PS 0 or 1. 10 Hazard ratio for each year increase in age. doi:10.1371/journal.pone.0016694.t004 cells [31] . DDB1, which is also involved in NER, is overexpressed in cisplatin resistant cancer cell lines [32] . Elevated glutathione Stransferase P1 expression has been associated with resistance to cisplatin-based chemotherapy in several cancer cell lines [33, 34] .
Our gene set comparison analyses demonstrate a significant overlap between the ES cell signatures and our chemotherapy resistance signatures. No prior studies have demonstrated the enrichment of ES cell signatures in clinical samples collected at the time of acquired resistance to cytotoxic chemotherapy. Accumulating evidence suggests an association between a stem cell phenotype and intrinsic chemoresistance [43] [44] [45] . Animal studies have suggested that the cell population exhibiting cancer stem cell characteristics is enriched in xenograft tumors following chemotherapy [46, 47] . While ES cell signatures may not perfectly reflect the phenotype of gastric cancer stem cells (which have not been defined yet), the enrichment of ES cell signatures in chemoresistant tumors may reflect the survival advantage of tumor cells expressing stem cell regulatory networks. This was validated by our finding that 72 genes shared by the acquired resistance and ES cell signatures were sufficient to predict the initial response to CF.
This study has identified a molecular signature for acquired resistance to CF therapy in gastric cancer patients. This signature is able to identify patients likely to have a short or longer term response to CF suggesting it reflects the molecular profile of chemoresistant clones and not non-specific drug effects. Genes contained within this signature, such as Akt/mTOR pathway genes, TRAP1, RAD23A, and GSTP1, may be potentially useful targets for treating tumors resistant to CF therapy. Future studies will be required to confirm these results and to determine whether our novel approach to develop an acquired resistance signature that predicts the therapeutic response of patients to specific chemotherapies is applicable to other types of cancer. 
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